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Abstract
Culbertson, Jason Dewayne. M.S., Department of Psychology,
Industrial and Organizational Psychology Program, Wright State University, 2010.
Predicting Sales Performance: Considering Nonlinear Relationships between GMA,
Performance, and Effectiveness.
Measuring Conscientiousness with Explicit and Implicit Measures
Although the literature has a wealth of research predicting salesperson performance,
the literature is unclear. Even meta-analytic research (Barrick et al., 2001; Schmidt &
Hunter, 1998; Vinchur et al. 1998) appears inconsistent. The main goal of this study
was to determine if the relationships were of a nonlinear nature and leading to
confusion. This study found that the relationships between sales performance
depended on the type of criteria (supervisor ratings or performance versus sales
revenue or effectiveness) and the type of relationship examined (linear or nonlinear).
This study was successful in demonstrating a nonlinear, logarithmic effect related to
Willingness to Work Long Hours and sales effectiveness (dollar revenue) .19
corrected. The linear relationship between Willingness to Work Long Hours and
supervisor ratings was statistically significant (.13 corrected). Proprietary measures
(Extraversion, Conscientiousness, and General Mental Ability) were poor predictors.
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Predicting Sales Performance 1
Predicting Sales Performance: Considering Nonlinear Relationships between GMA,
Performance, and Effectiveness.
The main purpose of this research is to investigate the relationship between
general mental ability (GMA) and sales performance. Specifically, is there a nonlinear
(e.g. quadratic or logarithmic) relationship between GMA and sales performance
(measured with supervisor ratings) and sales effectiveness (measured with actual sales
dollars or revenue)? Alternatives or supplements to GMA (proprietary Big Five
Personality and work related measures) were investigated as well. Despite the wealth
of studies investigating salesperson performance, the literature is not clear on the
nature of the relationship between salesperson performance and predictors. Although
Schmidt and Hunter (1998) is often cited as showing that GMA predicts for all jobs,
other meta-analytic research shows that GMA does not in fact predict sales
effectiveness (revenue) (Vinchur , Schippmann, Switzer, & Roth, 1998). The
confusion is at least partially caused by differences between criteria (supervisor
ratings versus revenue), therefore we start with a discussion of different types of
criterion measures to lay the groundwork for future discussion.

Different Types of Criterion Measures
Campbell, McCloy, Oppler, and Sager (1993) made an important distinction
between performance and effectiveness. Performance is defined as behavior and is
typically measured with a subjective rating, such as supervisor ratings. Effectiveness is
the bottom-line results. In this particular case (sales), effectiveness is sales revenue.
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Sales revenue is simply the gross amount of sales in dollars that a particular
salesperson has generated over a corrected correlation between subjective ratings
and objective criteria of .39.
Campbell et al. (1993) made the distinction because behavior may not actually
lead to the desired results or effectiveness, and although the behavior is under the
control of the individual, the actual outcome or results may not be under their
control. For example, although the salesperson made the sales presentation properly, a
customer might be facing budget cuts, and simply cannot justify purchasing the
product. Although, this distinction is critical for the purposes of this research, it is
often not the primary focus for other research. This is a particularly important
distinction in the applied research community as well . If a company were given a
choice between a selection tool that predicted performance (supervisor ratings) or
effectiveness (sales revenue), they would likely choose effectiveness over
performance. Therefore the when referring to the research of others, who discuss job
performance as a broad concept, I will refer to their broad conception of job
performance as simply job performance. I will refer to sales revenue as sales
effectiveness when appropriate.
The Difficulty of Predicting Sales Performance
There are several major reasons for undertaking the current study. Predicting
sales performance has high utility or financial benefit for organizations. In addition,
better understanding of the relationships between predictors and criteria could
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mitigate subgroup differences and increase minority participation in the workforce.
The best predictor of job performance for most other jobs (GMA) does not appear to
predict sales effectiveness. The difficulty in predicting sales performance had led
researchers to seek alternative strategies to predict sales performance, such as Big Five
Personality measures. Finally, I believe that the unclear state of the literature suggest
that an investigation of nonlinear relationships between GMA and sales performance
and GMA and sales effectiveness.
Accurately predicting performance saves organizations money. For example,
researchers inferred that a large city could lose in upwards of $100 million over the
course of ten years by discontinuing the use of a GMA test to select police officers (H.
Hunter & R. Hunter, 1984). It is clear that a scientific approach to predicting
performance has high utility. Vinchur et al. (1998) surmised that predicting sales
performance may have a higher utility than most other occupations.
According to a meta-analysis by Vinchur, et al. (1998), GMA does not predict
actual sales effectiveness, only performance or behavior (measured by supervisor
ratings). Although managers rate the job performance of an individual higher if the
individual is higher in GMA, actual sales revenue or effectiveness is not predicted by
GMA. One interpretation of this conundrum is that actual sales dollars is a flawed
criterion. However, sales revenue (referred to as sales effectiveness in Hough, 1992) is
predicted by variables such as achievement and dependability (Hough, 1992). In
addition, Vinchur et al.’s (1998) meta-analysis demonstrated that conscientiousness
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and biodata predicted sales revenue. The fact that meta-analysis shows a nonsignificant relationship between sales revenue and GMA and , a significant
relationship between sales revenue, and other variables, leads me to believe that there
may not truly be a relationship between sales revenue and GMA, not that the metaanalysis or the sales-revenue criterion is flawed. My contention is that if a metaanalysis does not find a significant correlation between GMA and actual sales, a
relationship may not actually exist, or it may not be detected by traditional regression
(i.e. linear regression). Although one would not typically adopt the null hypothesis
based on non-significant results as a particular study has sampling and measurement
error, I argue that one should consider the null hypothesis if a meta-analysis fails to
reveal a relationship.

General Mental Ability
GMA is the best predictor of performance across all jobs with uncorrected
validity coefficients as high as .51 (Schmidt & Hunter, 1998). GMA is used to refer to
the singular, common factor that underlies intelligence (Neisser et al., 1996). It can
also be considered one’s ability to adapt mentally to the environment (Wonderlic
Personnel Tests Inc.). GMA might be a factor at the top of a hierarchy of metal
abilities, mental energy (Spearman 1927), or statistical regularity (Thomson 1939).
Not all researchers agree that there is a general or g factor for mental ability.
Robert Sternberg is one such researcher who does not agree with the idea of a general
factor for intelligence (Sternberg, 1985). Robert Sternberg proposed a Triarchic
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Theory of intelligence that involves analytic intelligence (what is measured in school
or formal learning), practical intelligence (knowledge of how to get things done
efficiently as well as hands-on ability), and creative intelligence (one’s proclivity to
think divergently; Neisser et al., 1996). Sternberg disliked the circular nature of what
he referred to as explicit theories of intelligence as measured by the typical GMA test
(Sternberg, 1985). Sternberg (1985) also criticized the explicit theories for being an
incomplete view of Intelligence. Howard Gardner’s theory of multiple intelligences
(Gardner, 1983; Gardner, 2000) also critiques the idea of a g factor. Gardner proposed
that there are many forms of intelligence (Gardner, 1983) that, as Neisser et al. (1996)
pointed out, still need to be more clearly defined. Gardner (1983) claimed that
evidence for his position comes from observing cases of brain damage that isolate
intelligence losses in abilities and the existence of what he called idiot savants.
Although not all researchers agree with the idea of GMA or a g factor there is
immutable evidence for it and what appears to be more anecdotal evidence against it
(Gardner, 1983; Gardner, 2000: Neisser et al., 1996). The primary support of the
notion of g or GMA factor is that there is intercorrelation among intelligence subtests
(e.g. verbal and quantitative subtests on the GRE; Neisser et al, 1998).

GMA’s Relationship to Job Performance
An important point to consider is that although GMA predicts job
performance well, the GMA performance relationship is moderated by job knowledge
(Hunter, 1993; Schmidt, Hunter, & Outerbridge, 1986). Job knowledge may be
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acquired through experience. Therefore job experience is related to job performance
as it is a requisite for acquisition of job knowledge (J. Hunter & R. Hunter, 1998).
According to the model posited and tested by Schmidt et al. (1986) job complexity,
and experience also play a role in GMA predicting performance. GMA leads to
quicker acquisition of job knowledge, and high job complexity makes GMA more
important to acquire job knowledge.

Subgroup Differences
GMA as a predictor of job performance is one of the more controversial topics
in selection. Using GMA tests to select employees causes adverse impact (J. Hunter &
R. Hunter, 1998). Adverse impact is often defined as when a properly validated
selection procedure violates the 4/5ths rule of thumb and selects minorities at less
than a .8 proportion of the dominant group according to the Section 4-D of the

Uniform Guidelines on Employee Selection Procedures (1978). Disadvantaged groups
such as African-Americans tend to score lower than Caucasians (J. Hunter & R.
Hunter; Neisser et al., 1998).
Socio-economic status (SES) of one’s parents (largely based on one’s parental
income) is related to GMA test scores (White, 1982). For the purpose of this paper,
SES will be dichotomized into those who live above the poverty line versus below.
The poverty line is a number that is updated yearly that is reflective of the relative
needs of a family taking into account a number of factors most notably family size and
income (U.S. Census Bureau, 2007). The poverty formula was originally derived in the
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1960’s by determining the proportion of a family’s income that was estimated to be
spent on food (U.S. Census Bureau, 2007). The groups most likely to have low SES are
minority groups protected under the Civil Rights Act of 1964, Title VII.
In 2006, 24.30% of African-Americans and 20.60% of Hispanic-Americans
were below the 2006 poverty level compared to 10.30% of white Americans (U.S.
Census Bureau, 2007). In other words, African-Americans were virtually 2 ½ times
more likely to subsist in poverty versus white Americans. Hispanics were twice as
likely to live in poverty compared to white Americans (U.S. Census Bureau, 2007).
The women of each of these subgroups were more at risk for poverty with white
women having a 2.30% greater likelihood of subsisting in poverty than their male
counterparts while African-American and Hispanic women have a 4.30% and 4.15%
greater likelihood of subsisting in poverty than their respective male counter parts
(U.S. Census Bureau, 2007). To further solidify this point, McKay and McDaniel
(1996) reported in their meta-analysis with a sample size of over 30,000 individuals
that Caucasians scored on average .4 standard deviations higher than AfricanAmericans on general aptitude batteries. So then if GMA is used as a selection tool,
the case could be made that poverty will be replicated and impact minority groups the
most severely.
As a matter of practicality in personnel selection, it may not matter as to why
these differences exist. We could blame heritability as GMA is a heritable trait
(Neisser et al., 1998). It could have to do with various environmental factors going all
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the way back to prenatal care that makes the difference in GMA scores between
various groups (Neisser et al., 1998). The cause of this difference is beyond the scope
of this research. Whatever the causes for the subgroup differences in GMA scores,
using it as a selection tool will lead to fewer occupational opportunities for minorities.
This could have quite unpleasant societal effects that may be exacerbated by the
changes in the U.S. economy. The global economy has led to a steady stream of
manufacturing jobs overseas. These once good paying jobs are less plentiful in the U.S.
The future of the American economy will be in sales; and this profession is
among the best compensated (Think TV, 2008). The issue of subgroups differences in
GMA is of critical importance to personnel selection, and I would argue sales may be
a job in which an alternative to using GMA for selection may be possible.

The Criterion Problem in Regards to Sales
Although the societal issues of using GMA as a selection tool is a problem
beyond the scope of the proposed research, measuring sales performance is a problem
that the current research will be faced with. Behaviors that we might like to label as
predictors and/or criteria do not always translate into bottom-line results. The first
challenge in predicting performance is deciding what performance is or what
outcomes are important, and then to select the appropriate predictors. Austin and
Villanova (1998) described this as a translation problem meaning that criteria that
might be expected to lead to ultimate criteria may not always do so.
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One possible reason for the difficulty in predicting sales performance could be
due to possible nonlinear relationships. LaHuis, Martin, and Avis (2005) lay out a plan
on how and when to test whether a nonlinear relationship exists. Although they were
specifically focused on the relationship between conscientious and job performance,
their logic can be applied to this particular situation relating GMA to sales
performance and effectiveness. LaHuis et al. (2005) build the case that low validity
coefficients can be indicative of possible nonlinear relationships. Low validity is the
core issue when using traditional or expected predictors when predicting sales
performance. In the case of low validity LaHuis et al (2005) suggest that researchers
consider, quadratic, cubic, and asymptotic relationships.
Again, Vinchur et al.’s 1998 meta-analysis found virtually no relationship
between GMA and sales revenue (r = -.02, ρrr = -3). However, Vinchur, et al. (1998)
found that GMA predicted supervisor ratings (r = .18, ρcrrr = .31). These validity
coefficients appear low. In fact, based on research done by Schmidt and Hunter
(1998) and Hunter and Hunter (1984), we would expect validity coefficients to be
much higher. Based on these low validity coefficients I can and should proceed to
searching for nonlinear relationships. Moreover, because of the nature of these
validity coefficients, there are specific nonlinear relationships that should be tested.

Basic Properties of Functions
Here then is the formal mathematical reasoning for this study keeping in mind
LaHuis et al.’s (2005) point that low validity coefficients can be a clue conduct a
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search for a nonlinear relationship. The functions of interest are the basic linear
equation, f(x) = b + mx (b = y intercept, x = independent variable, m = slope, & f(x) =
dependent variable) shown in Figure 1; the quadratic function f(x) = ax2 + bx + c or
the more workable vertex form a(x-k)2+ l (a, b, c, k, & l = constants, a ≠ 0, x =
independent variable, & f(x) = dependent variable) shown in Figure 2; the cubic
function f(x) = ax3 bx2+ c (a, b, & c = constants, x = independent variable, & f(x) =
dependent variable) shown in figure 3; and the logarithmic function f(x) = log(x) (x =
independent variable & f(x) = dependent variable) shown in Figure 4.
The linear function represents the general form that the data must be in order
to achieve the greatest correlation with linear regression (J. Cohen, P. Cohen, West, &
Aiken, 2003). Considering the variables of interest, with a positive linear relationship
performance goes up as GMA goes up, and with a negative relationship, performance
goes down as GMA goes up. In practice, we would expect to see sales effectiveness go
up as GMA goes up at all levels of GMA. There should be no critical level of GMA at
which higher GMA does not lead to increased sales effectiveness. The other three
functions represent the relationship that I believe exists between GMA and sales
revenue and GMA and supervisor ratings respectively.

Properties of quadratic functions. For the purposes of this research, I am
interested in a specific type of quadratic function that LaHuis et al. (2005) referred to
as the inverted U (Figure 2). Considering variables of interest, the inverted U shape, is
demonstrated when sales revenue increases from lower to moderate levels of GMA
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and decreases from moderate to high levels of GMA. In practice we would expect to
see sales effectiveness go up with higher levels of GMA to a critical point, at which it
should level off and start a reverse relationship. At the critical point higher levels of
GMA leads to lower levels of sales effectiveness.
The most notable statistical feature of the inverted U function is that it is not
possible to mistakenly analyze it linearly, and receive a reduced validity coefficient.
To illustrate this point, I generated an inverted U curve by plugging in whole
numbers 0 < x < 100 into f(x) = -11 / 2500( x - 50)2 + 11 to create a hypothetical data
set where GMA predicts sales revenue (see Figure 5). Because the data were generated
using a quadratic function at least two things are known. One, the data are related in
a quadratic fashion. Two, accounting for both the linear and quadratic component of
the relationship between the independent and dependent variable will result in an R =
1. This example seems to lack ecological validity; however, the benefit is that none of
the results can be caused spuriously. For the sake of argument, I analyzed the
quadratic data set using linear regression and obtained an R = .00, F(1, 49) = .0, p = .1
which indicates no relationship. Then, I used 2-step hierarchical regression and
regressed the contrived sales revenue data on mean-centered values of the contrived
GMA data in step 1. In step 2, I regressed the contrived sales revenue data on the
squared mean-centered values the contrived GMA data. I obtained R = 1 F(1, 49) =
indeterminate, p = indeterminate as expected. The idea here is that a nonlinear

Predicting Sales Performance 12
relationship cannot be analyzed correctly using linear techniques. The quadratic
component must be accounted for. This non-relationship is illustrated in Figure 5.

Properties of a logarithmic function. The property of interest with a
logarithmic function is its clear change in slope from one point to another. The slope
increases at a decreasing rate, hence the notion that the logarithmic function is
asymptotic. First by taking the first derivative of f(x) = log(x) which is f’(x) =1/xlog(10)
and then by taking the limit of f(x)’ as x goes to infinity, it is clear that the slope of
f(x) = log(x) approach 0 in the limit. Moreover, this is observable in the graph (Figure

4.).

In addition, the logarithmic function has the property that it can be
represented linearly; however, the correlation between the independent variable will
not be as strong as expected. To clearly illustrate this point I generated a data set
where GMA predicted supervisor ratings using the equation f(x) = log(x+1). I analyzed
the logarithmic data set using linear regression and obtained R = .885 F(1, 49) =
177.93, p < .01. Then, I used 2-step hierarchical regression. I regressed the generic
dependent variable on values of the generic independent variable in step 1. In step 2, I
regressed the generic dependent variable on the log of values of the generic
dependent variable. I obtained R = 1 F(1, 49) = undefined, p = undefined as expected.
For a graphical representation (see Figure 7) The logarithmic function is
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demonstrated when sales performance increases at a decreasing rate or decreases at a
decreasing rate creating a ceiling or floor effect respectively as GMA increases.

Summary of Testing Nonlinear Relationships
LaHuis et al (2005) suggested, when a relationship is less than expected
looking for nonlinear relationships might be appropriate. Vinchur et al. (1998)’s metaanalysis found that GMA predicted supervisor ratings but not actual sales revenue.
This indicates that GMA predicts sales performance and effectiveness differently. A
quadratic relationship would account for the lack of significant findings between
GMA and sales revenue when analyzed with meta-analysis. Vinchur et al. found that
GMA has a positive relationship with supervisor ratings; however, I believe that this
relationship should be stronger. A logarithmic relationship has the necessary
properties to make a linear analysis appear weaker than expected.
Theoretically, there are several reasons that a nonlinear relationship may
occur. The asymptotic relationship, on a practical level indicates that increasing
levels of a particular construct, such as GMA, may not translate into equivalent gains
in performance. A normal versus genius level of IQ may not make a difference in
one’s ability to perform better in a particular job if minimum level of intelligence is
met for performing the tasks of the position. According to the wonderlic manual, this
may be due to boredom of highly intelligent individuals in low and moderately
complex jobs. A more dramatic version of this might be the inverted U or quadratic
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relationship. The inverted U relationship is often associated with the Yerkes-Dodson
Law (Yerkes & Dodson, 1908).
The cubic relationship might represent a more complex set of idea. It might
be a bit of a stretch to theorize, but there are possibilities. The S curve or the cubic
relations ship may contain both theoretical elements of the Yerkes-Dodson Law
(1908) and an asymptotic relationship. The Cubic relationship is only explored in this
study as an exploratory analysis.

Alternatives to GMA for predicting sales performance
If GMA does not in fact predict salesperson performance, non-cognitive
alternatives should be used. In fact, according to the Civil Rights Act of 1964 (Title
VII), if a test predicts job performance better with less adverse impact, then that
measure should be used. As GMA does no predict revenue, and has a lower than usual
correlation with supervisor ratings, the current research will investigate some
alternative predictors to GMA.
Sales performance and effectiveness are difficult to predict because expected
predictors do not predict across all sales jobs. According to a meta-analysis by
Vinchur et al. (1998), GMA does not predict actual sales revenue, only performance as
measured by supervisor ratings. In addition, it is unclear whether extraversion
predicts sales revenue across all sales jobs. Vinchur et al. (1998) found that
extraversion predicts supervisor ratings with a correlation of .09 (ρcrrr1 = .18) and
actual sales with a correlation of .12 (ρrr2 = .22). Barrick, Mount, and Judge (2001)
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found that extraversion did not predict sales performance across all sales jobs. Zero
fell within the credibility interval (r = .07, ρcrpdrr 3 = .09 ); only conscientiousness
predicted sales performance across all sales jobs (r = .11, ρcrpdrr = .21 ); (Barrick et al.,
2001).
Researchers have found that new alternatives to predict sales performance
effectiveness because the two expected predictors of sales effectiveness (i.e. GMA and
extraversion) do not seem to be effective, consistent predictors. Some researchers,
such as Vinchur and Thompson, have chosen to study narrow traits to better predict
sales performance (Thompson, Miller, Leasher, Rosenberg, & Tristan, 2007; Vinchur
et al., 1998). Thompson considered the hunter-farmer distinction, and Vinchur
suggested that narrow traits might predict better; moreover, Vinchur pointed out the
importance of making a distinction between objective and subjective criteria
(Thompson et al., 2007; Vinchur et al., 1998). Other researchers have suggested that
empirical composites of traits might be more predictive than the big five itself (Hurtz
& Donovan, 2000). The current research will include measures of Extraversion,
Conscientiousness, and a proprietary measure of achievement to further explore these
potential relationships.

Hypotheses
Based on previous research and mathematical reasoning have come to the
following hypotheses:
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Hypothesis 1a. After controlling for the linear effect of GMA, the logarithmic
component of GMA will account for a significant increment of variance in supervisor
ratings.

Hypothesis 1b. After controlling for the linear effect of GMA, the quadratic
component of GMA will account for a significant increment of variance in sales
revenue.

Exploratory Analyses
Conscientiousness has been shown to predict across all jobs with a correlation
with supervisor ratings of .15 (ρcrpdrr = .26) and a correlation with objective
performance of .10 (ρcrpdrr = .29) (Barrick, et al., 2001). Barrick, et al., (2001) had
shown it to predict objective and subjective sales criteria together with a correlation
of .11 (ρcrpdrr = .21). Vinchur et al. (1998) found that conscientiousness correlated with
sales revenue .17 (ρrr = .31). Vinchur et al. (1998) also found that conscientiousness
correlated with supervisor ratings with a correlation of .11 (ρcrrr = .21). Vinchur et al.
(1998) also found that sub dimensions of conscientiousness predicted differentially
which might make it a strong candidate for potential nonlinear relationships.
Achievement was shown to correlate with supervisor ratings .14 (ρcr = .25).
Dependability was shown to correlate with supervisor ratings .10 (ρcr = .18).
Achievement was shown to correlate with sales revenue .23 (ρrr = .41). Dependability
was shown to correlate with supervisor ratings .10 (ρrr = .18).
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Finally, LaHuis et al. (2005) argued that conscientiousness often has a
nonlinear relationship to performance. Moreover, LaHuis et al. (2005) also
demonstrated a nonlinear relationship between conscientiousness and clerical
workers’ performance. Based on LaHuis et al.’s (2005) work, it was appropriate to
determine if there is a nonlinear relationship between conscientiousness and
salesperson performance. In keeping with LaHuis et al (2005) I tested to see if
moderate levels of conscientiousness might predict high revenue.

Hypothesis 2a. After controlling for the linear effect of conscientiousness, the
logarithmic component of conscientiousness will account for a significant increment
of variance in supervisor ratings.

Hypothesis 2b. After controlling for the linear effect of conscientiousness, the
logarithmic component of conscientiousness will account for a significant increment
of variance in sales revenue.

Hypothesis 2c. After controlling for the linear effect of conscientiousness, the
quadratic component of conscientiousness will account for a significant increment of
variance in supervisor ratings.

Hypothesis 2d. After controlling for the linear effect of conscientiousness, the
quadratic component of conscientiousness will account for a significant increment of
variance in sales revenue.
In addition to these hypotheses, three additional sets of analyses were
performed to determine other possible nonlinear relationships. The first set of
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exploratory hypotheses is associated with exploring various relationships that were
not initially hypothesized with GMA and conscientiousness. The goal was to test all
possible relationships (linear, logarithmic, quadratic, and cubic) with the two
predictors (GMA and conscientiousness) and the two criteria (supervisor ratings and
sales revenue).
The cubic function or S curve can create the same problems that a quadratic
function does when it is analyzed linearly. Using the same techniques that I applied to
the quadratic function above, I demonstrated that a non-significant relationship
would occur if certain sets of cubic data were analyzed linearly (see figure 6). A cubic
function may have different shapes and different implications for practice. One
implication may be that as GMA increases sales effectiveness increase to a certain
point, and then starts to decrease to a point where higher levels of GMA then leads to
higher sales effectiveness again.

Exploratory Hypothesis 1 (Exp1). There will be a linear relationship between
GMA and supervisor ratings.

Exp2. There is a linear relationship between GMA and Revenue.
Exp3. After controlling for the linear and quadratic effects of
conscientiousness, the cubic component of GMA will account for a significant
increment of variance in sales revenue.

Exp4. There is a linear relationship between conscientiousness and supervisor
ratings.
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Exp5. There is a linear relationship between conscientiousness and revenue.
Exp6. After controlling for the linear and quadratic effects of
conscientiousness, the cubic component of conscientiousness will account for a
significant increment of variance in sales revenue.

Exp7. After controlling for the linear effect of GMA, the quadratic component
of GMA will account for a significant increment of variance in supervisor ratings.

Exp8. After controlling for the linear and quadratic effects of GMA, the cubic
component of GMA will account for a significant increment of variance in supervisor
ratings.

Exp9. After controlling for the linear and quadratic effects of
conscientiousness, the cubic component of conscientiousness will account for a
significant increment of variance in supervisor ratings.

Exp10. After controlling for the linear effect of GMA, the logarithmic
component of GMA will account for a significant increment of variance in sales
revenue.
Extraversion is a commonly thought of as a predictor for sales performance
and effectiveness. However, it is uncertain whether or not extraversion can predict
across all sales jobs. As previously stated, Vinchur et al. (1998) found that extraversion
predicts supervisor ratings with a correlation of .09 (ρcrrr = .18) and actual sales with a
correlation of .12 (ρrr2 = .22). Barrick, Mount, and Judge (2001) found that
extraversion did not predict sales performance across all sales jobs. Zero fell within

Predicting Sales Performance 20
the credibility interval (r = .07, ρcrpdrr = .09 ). In addition, Vinchur et al. (1998) also
found that sub dimensions of extraversion predicted differentially which might make
it a strong candidate for potential nonlinear relationships. Potency was shown to
correlate with supervisor ratings .15 (ρcrrr = .28). Affiliation was shown to correlate
with supervisor ratings .06 (ρcrrr = .12). Potency was shown to correlate with sales
revenue .15 (ρrr = .26). Affiliation was shown to correlate with supervisor ratings .08
(ρrr = .15).

Exp11. There is a linear relationship between extraversion and supervisor
ratings.

Exp12. After controlling for the linear effect of extraversion, the logarithmic
component of extraversion will account for a significant increment of variance in
supervisor ratings.

Exp13. There is a linear relationship between extraversion and sales revenue.
Exp14. After controlling for the linear effect of extraversion, the logarithmic
component of extraversion will account for a significant increment of variance in
sales revenue.

Exp15. After controlling for the linear effect of extraversion, the quadratic
component of extraversion will account for a significant increment of variance in
sales revenue.
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Exp16. After controlling for the linear and quadratic effects of extraversion,
the cubic component of extraversion will account for a significant increment of
variance in sales revenue.

Exp17. After controlling for the linear effect of extraversion, the quadratic
component of extraversion will account for a significant increment of variance in
supervisor ratings.

Exp18. After controlling for the linear and quadratic effects of extraversion,
the cubic component of extraversion will account for a significant increment of
variance in supervisor ratings
The consulting firm does not utilize any measure as a predictor across all sales
jobs as its researchers use specific predictors based on taxonomy of sales jobs.
However, one of their most commonly used scales is Willingness to Work Long
hours. Notwithstanding this limitation the measure was employed in the current
study, as a possible test of achievement, a sub dimension of conscientiousness.

Exp19. There is a linear relationship between Willingness to Work Long
Hours and supervisor ratings.

Exp20. After controlling for the linear effect of Willingness to Work long
Hours, the logarithmic component of Willingness to Work Long Hours will account
for a significant increment of variance in supervisor ratings.

Exp21. There is a linear relationship between Willingness to Work Long
Hours and sales revenue.
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Exp22. After controlling for the linear effect of Willingness to Work long
Hours, the logarithmic component of Willingness to Work Long Hours will account
for a significant increment of variance in sales revenue.

Exp23. After controlling for the linear effect of Willingness to Work long
Hours, the quadratic component of Willingness to Work long Hours will account for
a significant increment of variance in supervisor ratings.

Exp24. After controlling for the linear and quadratic effects of Willingness to
Work long Hours, the cubic component of Willingness to Work long Hours will
account for a significant increment of variance in supervisor ratings

Exp25. After controlling for the linear effect of Willingness to Work long
Hours, the quadratic component of Willingness to Work long Hours will account for
a significant increment of variance in sales revenue.

Exp26. After controlling for the linear and quadratic effects of Willingness to
Work long Hours, the cubic component of Willingness to Work long Hours will
account for a significant increment of variance in sales revenue.
To support these hypotheses and exploratory analyses, two criteria must be
met. The change R2 must be significant and, per Cohen (1988), the change in R2 must
be at least .02 to not be considered a spurious relationship. As Cohen pointed out, .02
is a lower standard for measurement than would typically be expected for a linear
relationship. Cohen (1988) points out that psychological data is too unreliable to
effectively detect nonlinear relationships using a standard R2 of .05.
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Method

Participants
All available data were collected on sales employees from large organizations
who had taken a proprietary assessment of job skills and GMA as part of a concurrent
validation study conducted by a Midwestern selection company. Although access to
all validation studies conducted over the past decade was granted by the consulting
company, there were some difficulties. The consulting firm did not mark GMA for
inclusion in various selection batteries for sales people. If GMA was administered
during the selection process, it was used as part of succession planning strategy that a
customer wanted to begin implementing along with the validated selection measure
as part of a global talent management strategy. To combat this, archived GMA scores
that were added later as a part of succession planning were retrieved from an archive
and matched them with the criteria.
Twenty-one sales-validation studies were selected based on specific
characteristics from over 230 validation studies across multiple jobs. Consistent with
the goals of finding making general claims about sales, the data sets came from a wide
range of industries automotive, telecommunications, chemical, and furniture to name
a few. Sales people worked primarily in business to business sales roles emphasizing
new business development and account maintenance roles as well as a few retail
positions.
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To test the various relationships between GMA and sales performance, it was
necessary to find data sets that contained GMA test scores and supervisor ratings. To
test for quadratic and logarithmic relationships, the supervisor needed to have used at
least three levels of performance (or a rating scale of at least 3 options) in their ratings
of employees. To test the cubic relationship, supervisors needed to have used at least
four levels of performance (or a rating scale of at least 4 options) in their ratings of
employees. The data were also checked to ensure that there was variability in GMA;
all data sets were expected to have a minimum range of two standard deviations. If
the minimum range of two standard deviations was not present in the dataset, a true
effect may have been suppressed. In addition all data sets were normally distributed
with some data sets demonstrating right skewness.
To test the various relationships between GMA and sales revenue it was
necessary to find data with sets that contained a variable that represented sales or
gross sales. Again, the data were checked to ensure that there was variability in GMA;
all data sets were expected to be normal and have a range of at least two standard
deviations when compared against the research sample group.
To test for the nonlinearity of the relationship between sales performance and
conscientiousness it was necessary find item level data as it was necessary to build a
conscientiousness scale to measure conscientiousness via the use of a proxy. To test
for quadratic relationship, the supervisor needed to have used at least three levels of
performance in their ratings of employees. To test the cubic relationship, supervisors
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needed to have used at least four levels of performance in their ratings of employees.
The data were also checked to ensure that there was variability in conscientiousness;
all data sets were expected to have a range of two standard deviations.
To test the relationship between conscientiousness and sales revenue it was
necessary to find data sets that contained a variable that represented sales or gross
sales. Again, the data were checked to ensure that there was variability in
conscientiousness; all data sets were expected to have a range of at least two standard
deviations.
In most cases, only test scores were readily available with the criteria as the
validation process dictates that data be scored and analyzed. In addition, an individual
validation dataset may not have included the GMA score, as it was not intended to be
included in the test battery. Therefore, it was necessary to retrieve the test data and
scores from a central database when possible. When Item level data were available
with the criteria and test scores were needed, a proprietary scoring procedure was
used to obtain test scores.

Measures
Supervisor ratings. The supervisor ratings for this study consisted of ratings
created and implemented by each individual company in the study. Since the goal of
the study is to seek support for nonlinear relationships between ratings and supervisor
ratings all ratings must have three or more alternatives to be analyzed.
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Measure of GMA. The measure of GMA used is a proprietary measure of
practical intelligence. The measure is a 31 item multiple choice scale with items
measuring both verbal and numerical ability. The items range in content measuring,
vocabulary, understanding of relationships (not analogies), general knowledge, and
number sequencing.

Measure of conscientiousness. Contentiousness was measured via a 20 item
proxy measure that correlates with an International Item Pool (IPIP) Measure of
conscientiousness (Goldberg, 1999), r = .57 (129), p < .001, α = .78 (ρcrpd4 = .78). The
proxy was developed from a sample of applicants who were administered an
International Personality Item Pool 10-item measure of conscientiousness (Goldberg,
1999) and a proprietary pool of items administered to the salesperson sample of
primary interest. A qualitative analysis of the proxy items suggested that its items
focus on organization and the energy to maintain a brisk pace.

Measure of Extraversion. Extraversion was measured via a proprietary measure
of extraversion. The proprietary eighteen items measure of conscientiousness, and
correlates with an IPIP measure of extraversion r (129) = .69 p < .001), α = .64)

Measure of Willingness to Work Long Hours. This scale is a 34 item
proprietary scale (α = .45) used to determine one’s willingness to commit time and
effort to one’s job. This scale measures one’s willingness to focus on work, put off
social activities to perform work, and one’s willingness to handle work situations
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during off time. The measure would seem to be most akin to a sub dimension of
conscientiousness, achievement orientation.

Procedure
Supervisor ratings and revenue were mean standardized so that they could be
combined with the revenue and ratings of other samples respectively. The data were
cleaned of identifying information and combined using SPSS 17. The data were
analyzed using 2 and 3-step hierarchical polynomial regression. In the first step the
criterion was regressed on the predictors. The predictors were mean centered, except
in the case of logarithmic analyses which demand that the predictor values all be
positive. In step, 1 the criterion was regressed on the predictor. In step 2, the criterion
was regressed on the predictor and a low-order, nonlinear component (logarithmic or
squared) of the predictor. In step 3, the criterion was regressed on the cubic,
quadratic, and linear predictor. In the case of the 3 step hierarchical polynomial
regression, the linear and cubic functions were always the predictors in step 2.
Results
Table 1 presents a summary of overall correlations at each level of analysis.
There was a significant linear effected for Willingness to work Long Hours and
supervisor ratings (Exp19: R2 = .01, F(1, 1495) = 747, p = .01; see Table 1 & figure 8)
and a significant logarithmic effect for Willingness to Work long hours and sales
revenue (Exp22; R = .09, ∆R2 = .01, F(1, 873) = . 873, p = .04; see Table 18 & figure 9).
The R2 for the linear effect fell below the .05 level and the nonlinear effect fell below
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the .02 threshold. However, the overall correlations at each step are reported in table
1 and the significant results were corrected for unreliability.
Exp1 was not supported. Inconsistent with previous meta-analytic findings,
the linear component of GMA did not accounted for any variance in supervisor
ratings at step 1 of the hierarchical polynomial regression analysis, F(1, 739) = .17, p =
.69. Moreover, hypothesis no support was found for hypothesis 1a the logarithmic
component of GMA did not account for additional variance in supervisor ratings, at
step 2 of the hierarchical polynomial regression analysis F(1, 738) = .07, p = .80. Table
2 presents the associated regression coefficients.
Exp3 was not supported. Consistent with previous meta-analytic findings, the
linear component of GMA did not account for any variance in sales revenue at step 1
of the hierarchical polynomial regression analysis, F(1, 467) = .01, p = .93. Moreover,
there was no support for hypothesis 1b. The quadratic component of GMA did not
account for any additional variance in sales revenue at step 2 of the hierarchical
polynomial regression analysis, F(1, 466) = .05, p = .83. Table 3 presents the associated
regression coefficients.
Exp4 was not supported. Inconsistent with previous meta-analytic findings,
the linear component of conscientiousness did not accounted for any variance in
supervisor ratings at step 1 of the hierarchical polynomial regression analysis F(1, 512)
= 1.76, p = .19. Moreover, no support was found for hypothesis 2a. The logarithmic
component of GMA did not account for additional variance in supervisor ratings step
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2 of the hierarchical polynomial regression analysis, F(1, 511) = .01, p = .92. Table 2
presents the associated regression coefficients.
Exp 5 was not supported. Inconsistent with previous meta-analytic (Vinchur et
al, 1998; Barrick et al, 2001) findings, the linear component of conscientiousness did
not accounted for any variance in sales revenue at step 1 of the hierarchical
polynomial regression analysis, F(1, 326) = .61, p = .44. Moreover, no support was
found for hypothesis 2b the quadratic component of GMA did not account for
additional variance in supervisor ratings at step 2 of the hierarchical polynomial
regression analysis F(1, 325) = .04, p = .84. Table 4 presents the associated regression
coefficients.
As previously reported the linear component of conscientiousness did not
account for any variance in supervisor ratings at step 1 of the hierarchical polynomial
regression analysis, F(1, 512) = 1.76, p = .19. Moreover, no support was found for
hypothesis 2c. The quadratic component of conscientiousness did not account for
additional variance in supervisor ratings at step 2 of the hierarchical polynomial
regression analysis F(1, 511) = .00, p = .97. Table 2 presents the associated regression
coefficients. Table 6 presents the associated regression coefficients.
As previously reported the linear component of conscientiousness did not
account for any variance in sales revenue at step 1 of the hierarchical polynomial
regression analysis, F(1, 326) = .61, p = .44. Moreover, no support was found for
hypothesis 2d. The quadratic component of conscientiousness did not account for
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additional variance in supervisor ratings at step 2 of the hierarchical polynomial
regression analysis F(1, 325) = .60, p = .44. Table 3 presents the associated regression
coefficients.
Exp6 was not supported. Table 4 also summarizes the regression coefficients
for step 3 of the of the hierarchical polynomial regression analysis, an exploratory
analysis testing for a possible cubic relationship between conscientiousness and sales
revenue after controlling for both the linear and quadratic components of
conscientiousness. The results were non-significant, F(1, 324) = 2.88, p = .09.
Exp 7 was not supported. Table 2 summarizes the regression coefficients for an
exploratory analysis testing the relationship between the quadratic component of
GMA and supervisor ratings. As previously reported, there was not a significant linear
relationship between GMA and supervisor ratings as expected, F(1, 739) = .17, p = .69.
There was no relationship between the quadratic component of GMA and supervisor
ratings after controlling for the linear component of GMA F(1, 738) = .52, p = .47.
No support was found for Exp8. Table 4 summarizes the regression coefficients
for an exploratory analysis testing the relationship between the cubic component of
GMA and supervisor ratings As previously reported, there was not a significant linear
relationship between GMA and supervisor ratings as expected, F(1, 739) = .17, p = .69.
There was no relationship between the quadratic component of GMA and supervisor
ratings after controlling for the linear component of GMA F(1, 738) = .52, p = .47.
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Exp8 was not supported. Table 4 summarizes the regression coefficients for
step 3 of the of the hierarchical polynomial regression analysis testing for a possible
cubic relationship between GMA and ratings after controlling for both the linear and
quadratic components of GMA. The results were non-significant, F(1, 439) = 2.67, p =
.10. Steps 1 and 2 are presented in Table 9, but are duplicated analyses as presented in
table 8 but with a smaller sample size.
Exp 9 was not supported. Table 4 summarizes the regression coefficients for
step three of a three-step hierarchical polynomial regression analysis testing for a
possible cubic relationship between conscientiousness and ratings after controlling for
both the linear and quadratic components of conscientiousness. The results were nonsignificant, F(1, 418) = .17, p = .68. Steps 1 and 2 are presented in Table 4, but are
duplicated analyses as presented in table 2 but with a smaller sample size.
Exp 10 was not supported. Table 3 summarizes the regression coefficients for
an exploratory two-step hierarchical polynomial regression analysis testing the
relationship between the logarithmic component of GMA and sales revenue. As
previously reported, there was not a significant linear relationship between GMA and
supervisor ratings as expected, F(1, 467) = .01, p = .93. There was no relationship
between the logarithmic component of GMA and supervisor ratings after controlling
for the linear component of GMA F(1, 466) = .02, p = .89.
Exp12 was not supported. Table 3 summarizes the regression coefficients for
an exploratory two-step hierarchical polynomial regression analysis testing the
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relationship between the logarithmic component of extraversion and sales revenue.
Moreover, Exp 11 was not supported. There was not a significant linear relationship
between extraversion and supervisor ratings as expected, F(1, 1502) = .18, p = .89.
There was no relationship between the logarithmic component of GMA and
supervisor ratings after controlling for the linear component of GMA F(1, 1501) = .02,

p = .67.
Exp 14 was not supported. Table 2 summarizes the regression coefficients for
an exploratory two-step hierarchical polynomial regression analysis testing the
relationship between the logarithmic component of extraversion and supervisor
ratings. Moreover, Exp13 was not supported, there was not a significant linear
relationship between extraversion and supervisor rating, F(1, 1502) = .02, p = .89.
There was no relationship between the logarithmic component of extraversion and
supervisor ratings after controlling for the linear component of extraversion F(1,
1501) = .18, p = .67.
Table 2 summarizes the regression coefficients for an exploratory two-step
hierarchical polynomial regression analysis testing the relationship between the
quadratic component of extraversion and supervisor ratings. As previously reported,
there was not a significant linear relationship between extraversion and supervisor
rating, F(1, 1502) = .02, p = .89. There was no relationship between the quadratic
component of extraversion and supervisor ratings after controlling for the linear
component of extraversion F(1, 1501) = .23, p = .63
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Exp16 was not supported. Table 4 summarizes the regression coefficients for
step three of a three-step hierarchical polynomial regression analysis testing for a
possible cubic relationship between extraversion and supervisor ratings after
controlling for both the linear and quadratic components of extraversion. The results
for step 3 were non-significant, F(1, 1150) = 3.44, p = .06. Steps 1 and 2 are presented
in Table 15, but are duplicated analyses presented in table 2 but with a smaller sample
size.
Exp17 and 18 were not supported. Table 3 summarizes the regression
coefficients for a three-step hierarchical polynomial regression analysis testing for a
possible quadratic and cubic relationships between extraversion and sales revenue.
After controlling for the linear component of extraversion, in step 2, no relationship
existed between sales revenue and the quadratic component of extraversion, F(1, 874)
= .01, p = .93. After controlling for both the linear and quadratic components of
extraversion in step 3, no relationship existed between sales revenue and the cubic
component of sales revenue, F(1, 873) = 2.56, p = .11.
Exp20 was not supported. Table 3 summarizes the regression coefficients for
an exploratory two-step hierarchical polynomial regression analysis testing the
relationship between the logarithmic component of Willingness to Work Long Hours
and sales revenue. There was not a significant linear relationship between
Willingness to Work Long Hours and sales revenue, F(1, 874) = .09, p = .76. However,
Exp19 was supported. There was a significant relationship between the logarithmic
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component of Willingness to Work Long Hours and sales revenue after controlling
for the linear component of Willingness to Work Long Hours, , F(1, 1495) = 7.47, p =
.01.
Exp22 was supported. Table 3 summarizes the regression coefficients for an
exploratory two-step hierarchical polynomial regression analysis testing the
relationship between the logarithmic component of Willingness to Work Long Hours
and sales revenue. There was a significant relationship between the logarithmic
component of Willingness to Work Long Hours and sales revenue after controlling
for the linear component of Willingness to Work Long Hours, R = .09, F(1, 873) = .
873, p = .04. When corrected for predictor unreliability, the correlation is 19. Exp21
was not supported. There was not a significant linear relationship between
Willingness to Work Long Hours and sales revenue, F(1, 874) = .09, p = .76.
Exp23 was not supported. Table 2 summarizes the regression coefficients for
an exploratory two-step hierarchical polynomial regression analysis testing the
relationship between the quadratic component of Willingness to Work Long Hours
and supervisor ratings. As previously reported, there was a significant linear
relationship between Willingness to Work Long Hours and supervisor rating, F(1,
1495) = 7.47, p = .01. There was no relationship between the quadratic component of
Willingness to Work Long Hours and supervisor ratings after controlling for the
linear component of Willingness to Work Long Hours F(1, 1494) = .1.30, p = .25
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Exp24 was not supported. Table 4 summarizes the regression
coefficients for step three of a three-step hierarchical polynomial regression analysis
testing for a possible cubic relationship between Willingness to Work Long Hours
and supervisor ratings after controlling for both the linear and quadratic components
of Willingness to Work Long Hours. The results for step 3 were non-significant, F(1,
1143) = 2.35, p = .13. Steps 1 and 2 are presented in Table 4, but are duplicated
analyses of what was presented in table 2 but with a smaller sample size.
Exp25 and Exp26 were not supported. Table 3 summarizes the
regression coefficients for a three-step hierarchical polynomial regression analysis
testing for a possible quadratic and cubic relationships between Willingness to Work
Long Hours and sales revenue. After controlling for the linear component of
Willingness to Work Long Hours, in step 2, no relationship existed between sales
revenue and the quadratic component of Willingness to Work Long Hours, F(1, 871)
= 2.60, p = .11. After controlling for both the linear and quadratic components of
Willingness to Work Long Hours in step 3, no relationship existed between sales
revenue and the cubic component of sales revenue, F(1, 870) = .04, p = .85.
Discussion
There were two statistically significant results in the study the linear
relationship between supervisor ratings and willingness to work long hours and the
logarithmic relationship between Willingness Work Long Hours and revenue.
Although there were only a few statistically significant relationships, follow-up
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analyses corroborate the findings of other, published meta-analyses (Bommer et al.,
1995; Barrick, et al., 2001; Vinchur et al., 1998) controlling for data-set differences.
Although the amount of variance accounted for is low, when reviewing the overall
regression coefficients for these analyses, they are similar to published meta-analytic
findings. The apparent inconsistencies can be explained by differences in criteria,
sample, and predictors in other meta-analyses. One of the hopes of this study was to
ultimately show that GMA could predict sales performance with less adverse impact
because it predicted either logarithmically or quadratically. The hope being that only
a minimum level of GMA would be necessary to perform a sales job (as in the
logarithmic relationship), or that moderate levels of GMA would prove to be the best
level of GMA to have as a sales representative (as with quadratic function). However,
finding additional support for the idea that GMA is a poor predictor for sales jobs is
also quite an acceptable outcome. The lack of significant results and the level of
insignificance strongly support this argument. Very few p values met significance at
the .05 level. Excepting a significant p value for a correlation smaller than .001. The
lowest p value was .05. In addition, the correlations were quite small as well. None of
the values achieved practical significance at the .02 level.
The results of this study were not always apparently consistent with the
Vinchur et al. (1998) and the Barrick, et al., (2001) meta-analyses. In some ways it is
just not really possible to compare the Barrick, et al. (2001) study with this study
because they Barrick et al. (2001) did not make the distinction between performance
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and effectiveness. Revenue and supervisor ratings were treated together. Therefore,
the criterion in the Barrick, et al. (2001) study was too different to directly compare
results with this study fully.
Both the Vinchur et al. (1998) meta-analyses and the Barrick, et al. (2001)
meta-analysis contain insurance agents, retail clerks, and seasonal sales employees.
Whereas the jobs in the sample used for this study were primarily business to business
sales representatives. Insurance agents may manage their own offices at times, and
therefore, serve as mangers making their performance based on something outside of
sales behaviors.
Seasonal employees have a training component may have a greater training
component to their job. Retail clerks may also have more short-tenure employees
creating a heavier training component to their jobs. Schmidt and Hunter (2004)
demonstrated that GMA has a higher correlation to training performance than
standard job performance. Managers may be rating short-tenured employees more on
how much of their time is needed to assist a trainee than how much they are selling.
This rational may provide reasoning for why this study found no relationship
between supervisor ratings and GMA and there was one in Vinchur et al. (1998). The
fact that neither study was able to find a relationship between sales revenue and
GMA is that there may in fact not be one. The experience and education factor for a
business to business sales employee is often much greater than in the retail and
business to consumer roles
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Finally, there was a difference in the conscientiousness measures from this
study compared to other meta-analyses (Barrick et al (2001); Vinchur et al). The
proxy conscientiousness measure was different than the measures of
conscientiousness used in Vinchur et al. (1998) and Barrick, et al. (2001). Both used
standard Big Five measures of conscientiousness. Vinchur also employed sub-facets of
achievement and dependability. The proxy measure had a relationship of r (129) = .57
with an IPIP (Goldberg 1999) measure of conscientiousness.
Being unable to use traditional Big Five measures hampered the
generalizability of these findings. If this topic were to be revisited in future research,
it would be wise to attempt to use a large applied sample that had been administered a
traditional big five measure. That is, there is a disconnect between this research
which relies heavily on an item pool that was derived for a purpose that is a bit
different than the traditional Big-Five measures.

Limitations
The initial concern was that the criteria or the test data might have been
incorrectly matched or incorrect for some reason. To confirm that the criteria were
acceptable I first checked for a relationship between supervisor ratings and revenue.
Supervisor ratings and revenue were correlated r(572) = .37, p < .01 in this applied
sample compared to the correlation of .32 (ρ = .39) found Meta-analytically in
Bommer et al. (1995). Next, analyses were conducted similar to what the consultant
company would conduct in a validation study. Sales revenue was predicted by a
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profile consisting of Negotiates resistance, competitiveness, account penetration,
commitment to control results, and pushing for quota r(876) = .25, p < .01 . Supervisor
ratings were related to Negotiates Resistance, Persuasiveness Using Logic, Provides
Service by Identifying Alternative, Willingness to Work Long Hours, and Maximizes
results by systematically managing an account plan, account penetration,
commitment to control results, and pushing for quota r(929) = .24, p < .01 . These
uncorrected coefficients are in line with the uncorrected coefficients for sales specific
tests according to Vinchur et al.’s (1998) meta-analysis, and exceed those found for
the Big Five measures and Big Five sub dimensions.
Certainly, the sample in this research could have failed to find a relationship
between supervisor ratings and GMA and sales revenue and GMA due to range
restriction. Being that this sample primarily consisted of business to business sales
associates many of the jobs require college educations or several years of experience if
not both. Therefore, it is not possible to apply for these positions without the ability
to perform at a college level irrespective of GMA. This means that either all people
who apply for the business to business jobs have a minimum level of GMA or they
have developed the necessary coping strategies to learn. Moreover, experience tends
to decrease the effects of GMA (Schmidt & Hunter, 2004).
Range restriction could be an issue for conscientiousness as well. The
experience and education requirements could preclude those without a minimum
level of conscientiousness from applying. However, it could also be that those who
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are less conscientious have found coping strategies that allow them to function
effectively.
Sample size did present a small issue it might have been better to have larger
samples. Power analysis reveals that it would have been preferable to always have a
sample of participants for each analysis. Unfortunately, there were issues in data
collection. Since GMA has not been shown to predict sales revenue, GMA tests are
usually excluded from sales validations by the company that supplied the data. Also,
where conscientiousness was concerned, it was not always possible to recover itemlevel data to match up to the criteria. Item-level data was required to build the
conscientiousness proxy scale. Therefore, the ability to detect nonlinear effects at .02
threshold was not always possible. Table 5 outlines the sample size requirements to
detect an affect at various levels of R2 and levels of hierarchical polynomial regression
analysis. GMA and conscientiousness presented the largest problems but all analyses
had large enough samples to detect effects at the R2 = .04 threshold.
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Table 1

Summary of Regression Results for the Overall Effect at Each Level of Analysis
Hyp.

Table Predictor

Criterion

Relationship

k

n

R

R2 ρ

Exp1

2

GMA

Ratings

Linear

9

741

.02

-

-

1a

2

GMA

Ratings

Logarithmic

9

741

.02

-

-

Exp2

3

GMA

Revenue

Linear

5

469

.00

-

-

1b

3

GMA

Revenue

Quadratic

5

469

.01

-

-

Exp3

3

GMA

Revenue

Cubic

5

469

.04

-

-

Exp4

4

Consc.

Ratings

Linear

9

514

.06

-

-

2a

4

Consc.

Ratings

Logarithmic

9

514

.06

-

-

Exp5

5

Consc.

Revenue

Linear

3

328

.04

-

-

2b

5

Consc.

Revenue

Logarithmic

3

328

.04

-

-

2c

6

Consc.

Ratings

Quadratic

9

514

.11

-

-

2d

7

Consc.

Revenue

Quadratic

3

328

.06

-

-

Exp6

7

Consc.

Revenue

Cubic

3

328

.11

-

-

Exp7

8

GMA

Ratings

Quadratic

9

741

.08

-

-

Exp8

9

GMA

Ratings

Cubic

5

442

.12

-

-

Exp9

10

Consc.

Ratings

Cubic

9

422

.11

-

-

Exp10

11

GMA

Revenue

Logarithmic

7

469

.01

-

-

Exp11

12

Extrav.

Ratings

Linear

15 1504 .00

-

-

(Table 1 Continues)
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(Table 1 Continued)

R

R2

ρ

.01

-

-

876

.01

-

-

876

.01

-

-

15 1504

.03

-

-

Cubic

9

1154

.06

-

-

Revenue

Quadratic

7

876

.08

-

-

Extrav

Revenue

Cubic

7

876

.06

-

-

17

Long Hrs.

Ratings

Linear

15 1497 .07* .01 .13**

Exp20

17

Long Hrs.

Ratings

Exp21

18

Long Hrs.

Revenue

Linear

7

Exp22

18

Long Hrs.

Revenue

Logarithmic

7

Exp23

19

Long Hrs.

Ratings

Quadratic

Exp24

20

Long Hrs

Ratings

Exp25

21

Long Hrs.

Exp26

21

LongHrs.

Criterion Relationship

k

Hyp.

Table

Predictor

Exp12

12

Extrav.

Ratings

EXP13

13

Extrav

Revenue

Linear

7

Exp14

13

Extrav

Revenue

Logarithmic

7

Exp15

14

Extrav

Ratings

Quadratic

Exp16

15

Extrav

Ratings

Exp17

16

Extrav

Exp18

16

Exp19

n

Logarithmic 15 1504

Logarithmic 15 1497

.07

-

-

874

.06

-

-

874

.09* .01 .19**

15 1497

.11

-

-

Cubic

9

1497

.12

-

-

Revenue

Quadratic

7

847

.08

-

-

Revenue

Cubic

7

847

.08

-

-

Note: *p < .05, **p < .01, ** = Corrected for predictor unreliability,
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Table 2
Hierarchical Polynomial Regression Results for
Logarithmic and Quadratic Relationship: Ratings
Step

∆R2

1

.00
GMA

2a

2b

β

p

n
741

0.00

0.00

0.02

.01
741

GMA

0.00

0.00

0.03

Logarithmic Term

0.06

0.23

-0.02

.8

.00

741

GMA

0.00

0.01

0.13

Quadratic Term

0.00

0.00

-0.12

.52

.00
Conscientiousness

2a

SE

.00

2b

1

B

514
0.02

0.01

0.06

.19

.00

514

Conscientiousness

0.01

0.06

0.04

Logarithmic Term

0.15

1.42

0.02

.92

.00

514

Conscientiousness

0.02

0.08

0.07

Quadratic Term

0.00

0.00

-0.01

.97

(Table 2 Continues)
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(Table 2 Continued)
Step

∆R2

1

.00
Extraversion

2

B

SE

β

p

1504
0.00

0.00

.000

.89

.00

1504

Extraversion

0.00

0.00

0.06

Quadratic Term

0.00

0.00

-0.06

2

.63

.00

1504

Extraversion

0.00

0.00

0.03

Logarithmic Term

0.08

0.18

-0.03

1

.67

.01*
Long Hours

2a

1497
0.00*

0.00

0.07*

.01

.00

1497

Long Hours

0.00

0.00

0.09

Logarithmic Term

-0.1

0.43

-0.02

2b

.76

.00

1497

Long Hours

0.00

0.01

-0.07

Quadratic Term

0.00

0.00

0.14

*p < .05

n

.25
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Table 3
Hierarchical Polynomial Regression Results for
Logarithmic, Quadratic, and Cubic Relationship: Revenue
Step

∆R2

1

.00
GMA

2a

SE

Β

P

n
469

0.00

0.00

0.00

.01

.00

469

GMA

0.00

0.00

0.02

Logarithmic
Term

-0.04

0.28

-0.01

2b

.89

.00

469

GMA

0.00

0.01

-0.04

Quadratic Term

0.00

0.00

0.04

3

1

B

.83

.00

469

GMA

-0.02

0.02

-0.40

Quadratic Term

0.00

0.00

0.92

Cubic Term

0.00

0.00

-0.54

.00
Conscientiousness

328
-0.01

0.02

-0.04

.44

(Table 3 Continues)
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(Table 3 Continued)

∆R2

Step
2a

B

SE

β

P

n

.00

328

Conscientiousness

0.00

0.06

0.00

Logarithmic
Term

-0.24

1.22

-0.04

2b

.84

.00

328

Conscientiousness

-0.07

0.07

-0.26

Quadratic Term

0.00

0.00

0.22

3

.44

.01

328

Conscientiousness

0.31

0.23

1.18

Quadratic Term

-0.04

0.02

-3.07

Cubic Term

0.00

0.00

1.90

1

.09

.00
Extraversion

2a

876
0.00

0.00

0.01

.00

876

Extraversion

0.00

0.00

0.03

Logarithmic
Term

-0.05

0.17

-0.02

2b

.00

.67
876

Extraversion

-0.01

0.01

-0.2

Quadratic Term

0.00

0.00

0.22
(Table 3 Continues)
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(Table 3 Continued)

∆R2

Step
3

SE

β

p

.00
0.00

0.01

-0.1

Quadratic Term

0.00

0.00

-0.05

Cubic Term

0.00

0.00

0.17

.06

.00
Long Hours

2a

847
0.00

0.00

0.06

.76

.01*

847

Long Hours

0.01*

0.01

0.29*

Logarithmic
Term

-1.08*

0.53

-0.24*

2b

.04

.00

847

Long Hours

-0.01

0.01

-0.19

Quadratic Term

0.00

0.00

0.26

3

n
876

Extraversion

1

*p < .05

B

.11

.00

847

Long Hours

-0.01

0.02

-0.28

Quadratic Term

0.00

0.00

0.46

Cubic Term

0.00

0.00

-0.12

.13
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Table 4
Hierarchical Polynomial Regression Results for
Cubic Relationship: Ratings
Step

∆R2

1

.00
GMA

2

β

p

n
442

0.00

0.00

0.01
442

GMA

0.01

0.01

0.34

Quadratic Term

0.00

0.00

-0.34

.01

442

GMA

-0.02

Quadratic Term

0.00

Cubic Term

0.00

0.02

-0.66
2.19

0.00

-1.58

.01
Conscientiousness

2

SE

.01

3

1

B

.1
422

0.03

0.01

0.11

.00

422

Conscientiousness

0.00

0.08

0.00

Quadratic Term

0.00

0.00

0.10
(Table 4 Continues)
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(Table 4 Continued)

∆R2

Step
3

B

SE

Β

P

.00

422

Conscientiousness

0.11

0.27

0.41

Quadratic Term

-0.01

0.02

-0.82

0.00

0.00

0.53

Cubic Term
1

.68

.00
Extraversion

2

1154
0.00

0.00

0.02

.00

1154

Extraversion

0.01

0.01

0.14

Quadratic Term

0.00

0.00

-0.13

3

.00

1154

Extraversion

-0.02

0.01

-0.46

Quadratic Term

0.00

0.00

1.43

Cubic Term

0.00

0.00

-0.99

1

.06

.01*
Long Hours

2

1497
.01*

0.00

0.10*

.00

1497

Long Hours

0.00

0.01

0.05

Quadratic Term

0.00

0.00

0.06

3

.00

1497

Long Hours

0.03

0.02

0.68

Quadratic Term

0.00

0.00

-1.39

Cubic Term

0.00

0.00

0.85

Note *p < .05

n

.13
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Table 5
Sample Size Requirement at .80 Power Level
R2 = .02

R2 = .03

R2 = .04

R2 = .05

Linear

-

-

-

173

Quadratic

539

357

266

211

Cubic

607

402

300

238
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80
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120

Figure 1. Linear function. This represents the traditional test or that the dependent
variable (cognitive ability) predicts the independent variable (actual sales
performance) in a linear manner, or the same through all levels of cognitive ability.
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Figure 2. Quadratic or inverted U function.
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Figure 3. Cubic or S curve function
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Figure 4. Logarithmic or asymptotic function.
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12
Sales ($100, 000)

10
8
6
4
2
0
0

50

100

150

GMA

Figure 5. Zero correlation of a quadratic relationship. This figure illustrates
graphically the 0 correlation that will occur when attempting to analyze symmetric
quadratic data using linear regression. Using the SPSS interactive graphing features on
the inverted U curve I generated a best fit line from the set of even numbers 0 < x <
100 plugged into f(x) =- 11/2500(x -50)2 +11 I generated the best fit line f(x) = 7.9
indicating no relationship. Note that SPSS generates a horizontal best fit line but a
vertical line would have the same meaning.
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Figure 6. Zero correlation of a cubic relationship. This figure illustrates graphically
the 0 correlation that will occur when attempting to analyze this particular cubic data
using linear regression. Using the SPSS interactive graphing features on the S curve I
generated from the set of even numbers 0 < x < 116 plugged into f(x) = 1/500(x3160x2+6400x)+50. I generated the best fit line f(x) = . 136.4 + 04x (R = .02, F(1, 57) =
.02 p > .05) indicating no relationship. Note that SPSS generates a horizontal best fit
line but a vertical line would have the same meaning.

Predicting Sales Performance 57

2.5

Ratings

2
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1
0.5
0
0

20

40

60

80

100

120

GMA

Figure 7. Reduced correlation of logarithmic relationship. This figure illustrates
graphically the reduced correlation that will occur when attempting to analyze
logarithmic data using linear regression. Using the SPSS interactive graphing features
on the asymptotic curve I generated from the set of even numbers even numbers 0 < x
< 100 plugged into f(x) = log(x +1), I generated the best fit line f(x) = .95 + .01x (R =
.89 F(1, 49) = 177.93, p < .01)

Supervisor Ratings
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y = 0.0036x - 0.1542
R² = 0.005

Long Hours (Percentile)

Figure 8. Linear relationship between Willingness to Work Long Hours and
supervisor ratings.
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Figure 9. Logarithmic relationship between Willingness to Work Long Hours and
sales revenue.
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Footnotes
1

ρcrrr = corrected for criterion unreliability range restriction.

2

ρcr = corrected criterion unreliability.

ρ

3 crpdrr

ρ

4 crpd

= corrected for criterion and predictor unreliability and range restriction.

= corrected for criterion and predictor unreliability

